The balance between different human body compositions, e.g. bones, muscles, and fat 
Introduction
The balance between human body compositions, e.g. bone, muscle, and fat, is one of the major indicators related to personal health. Its quantification is useful for evaluating the effects of exercise and diet therapy, and this evaluation inspires us to promote our health in daily living. Figure 1 illustrates the methods of measuring the balance of body composition. They are summarized from the viewpoint of ``precision" and ``cost" in such measurement. The meaning of ``precision" includes the device's ability to measure each part of the body, e.g. upper limbs, abdomen, or lower limbs. A variety of methods are seen in the figure. For example, the caliper method pinches a skin fold and measures its thickness. The MRI method produces a cross-sectional image of the human body using nuclear magnetic resonance.
The underwater weighing system is a basic evaluation tool for body composition. This method measures the weight and volume of the human body in the water, then estimates its density and the amount of fat by a comparison with the weight in air. However, a subject must sink in the water and completely exhale all air. This is difficult for the elderly and very young. There is no doubt that the use of this system is very limited because it is only installed in large hospitals or research institutes. Bioelectrical impedance analysis (BIA), proposed by Thomasset in 1962 [1] , has been applied to many commercial products widely used in the clinic and the home. The principle of BIA is based on the difference in resistance between fat and other tissues. However, the BIA method merely converts the electrical impedance to a ratio of body composition. In other words, the measured values are calibrated using the underwater weighing system. Moreover, many researchers have pointed out the insufficient accuracy of this method, since the results can easily be affected by levels of skin moisture, electrode placement, and other factors [2] .
The medical images obtained from X-ray computed tomography (CT), magnetic resonance imaging (MRI), and ultrasound imaging devices clearly record the thickness of subcutaneous fat and muscles in each part of the human body. In particular, the cross-sectional images obtained from CT and MRI are suitable for observing the balance of subcutaneous fat, muscle, and bone. These techniques can be expected to precisely evaluate the body composition, but the systems are not widely installed, except for medical institutions. Also, X-ray CT has a serious drawback in that the subjects are exposed to radiation. In contrast, the Dual-energy X-ray Absorptiometry (DXA) method achieves shorttime, low-exposure measurements using two kinds of X-ray energy, although it is not an imaging device. This paper focuses on ultrasound imaging devices. These devices are portable, safe, and inexpensive, and can observe each part of the human body in real time. These advantages make the devices suitable for use in daily living. We have been developing a ubiquitous echographic device for evaluating the balance of body composition [3] - [5] . The specifications were determined while minimizing the production costs. The image size and resolution were chosen to be just enough for observing subcutaneous fat and muscular layers. The device is connected to a personal computer, and a user interface is provided by software. Practical guidance and an automated discrimination function are provided in order to support the measurement. The operator can easily find tissue boundaries even without expertise and with limited experience. The device is intended to be widely used not only in medical fields but also in the healthcare field. This paper is organized as follows. Section 2 surveys related work and Section 3 explains the components of the system in detail. Section 4 discusses the experiments to verify the function of the proposed system. Finally, Section 5 concludes the paper.
Related works
Up to the present time, CT, MRI, and ultrasound imaging devices have frequently been used in the fields of physiology and sports science in order to observe subcutaneous fat and muscles. For example, Hudash et al. evaluated the balance of thigh muscles part using CT [6] . Also, Fukunaga et al. examined the calf part using MRI [7] . At the same time, the ultrasound imaging device has been used for large-scale field surveys because of its advantages in portability, safety, and cost [8] , [9] . Miyatani et al. reported on age-related changes in muscle thickness in the arms, legs, shoulders, and abdomen of 348 men [9] .
Recently, several portable ultrasound imaging devices have been developed [10]- [12] . This may expand its usefulness, not only to the medical field but also the healthcare field in the near future. SonoSite, Inc., a pioneer in portable ultrasound imaging devices, launched the first such products at the end of the 20th century [10] . The United States Department of Defense committed itself to the development of this device in order to use it on a battlefield. GE Healthcare proposed the concept of ``Ubiquitous Ultrasound" and introduced three models of a portable type of ultrasound imaging device in 2005 [11] . These devices have a diagnostic ability equal to that of medical console-type devices. Honda Electronics Co. Ltd., the first company in the world to develop a transistor-type portable fish finder, also marketed portable devices [12] . Moreover, this company has developed a palmsize device for use on animals on a stock farm. Although there are several small and lightweight devices on the market, these devices are too expensive for people to use easily in their daily lives. It is assumed that only medical doctors use the device with high expertise and sufficient experience.
Some previous studies of the automated discrimination of medical images have been conducted [13] - [15] . Yamamoto et al. developed automated discrimination software for visceral fat and subcutaneous fat in order to use it in a medical examination. This software enables high-speed processing for a large number of CT images at once [13] . Also, Seidell et al. reported imaging techniques for adipose tissue distribution [14] , and Mitsiopoulos et al. proposed a quantification method for skeletal muscles using MRI and CT [15] . However, in these studies, a threshold operation can easily be applied to extract the target tissues, since MRI and CT images exhibit good contrast between different tissues.
Ultrasound images include more noise than MRI and CT images, such as artifacts due to side lobes and multiple reflections as well as speckle noises, so that the operator must possess sufficient expertise and experience to interpret the measured images [16] , [17] .
Development of a Ubiquitous Echographic Device for Evaluating Human Body Composition Osamu FUKUDA, Masayoshi TSUBAI, Masahiro INOUE, Nan BU, Naohiro UENO, Hiroshi OKUMURA, and Kohei ARAI This is the reason that automated discrimination of ``subcutaneous fat" and ``muscles" from the ultrasound images has rarely been reported to date. The automated discrimination accuracy of ultrasound images can be improved by using our knowledge of anatomical structure [18] - [20] . For example, Unal et al. proposed a method of detecting an artery outline based on a statistical model concerning artery shapes. This method can evaluate the progress of cardiovascular diseases [18] . Chang et al. used six morphologic features to detect a chest tumor [19] . Nishiura proposed an automated measuring method for the thickness of cardiac muscles, based on template matching. This method evaluates heart function [20] . In this paper, knowledge of the anatomical structure differences between subcutaneous fat, muscle, and bone is used to discriminate these tissue boundaries.
Ubiquitous echographic device

Specifications
An overview and specifications of the developed system are given in Fig. 2 and Table 1 . In the figure, the main unit is located beside the laptop computer. It is compact, light-weight, and easily portable. The operator can use it anyplace, e.g. at sports clubs, beauty salons, outdoors, and in the home. The typical use of this device is to measure the thickness of muscles and subcutaneous fat in order to evaluate the balance of body composition. Quantification of the effects of exercise and diet therapy may help us to maintain a healthy life.
The specifications were determined while minimizing the production costs. The image size and resolution were chosen to be just enough to permit observation of subcutaneous fat and muscular layers. The spatial resolution of the image is 3pixel/mm, and the minimum reading scale for tissue thickness is 1mm, according to the statistical report [21] covering every age, gender, and part of body. The appropriate B-mode images are measured using a 64-element linear-array transducer with a frequency of 6MHz. The width and depth of the measured image are 37 80mm. These are specified based on a practical test and the statistical report [21] . It should be noted that the depth of 80mm is a software specification and it can be easily expanded, since the echo information is recorded into the memory board to a depth of up to 105mm.
The developed device is connected to a personal computer via the USB port, and practical guidance and an automated discrimination function are provided to support the operator. The interface displays a list of 20 body parts, the measuring method for each, a discussion of image interpretation, and the statistical standards for tissues, so that the operator can easily measure the body parts and find the tissue boundaries without a high level of expertise and without much experience. Moreover, the time required for measurement and interpretation of the image can be considerably reduced by using the automated discrimination function.
The hardware and software components are explained in the following sections. Figure 3 illustrates the components of the hardware. The system is composed of a transmitter, a receiver, a signal conditioner, a memory unit, a communicator, and a controller. The transmitter drives oscillators in the probe. The receiver picks up the echo signals, which are regulated by the signal conditioner. The measured images are temporarily stored in the memory circuit, after which the communicator transfers them to the personal computer. The controller manages the entire system. The hardware does not include the monitor display, which is considered part of the user interface presented on the personal computer using software.
Hardware design
In the measuring process, 64 oscillator elements are sequentially activated by the transmitter. At that time, eight neighboring elements are used for ultrasound beam forming. The eight oscillator elements used for transmission receive and focus the echo signals. In the signal conditioner, the received echo signals are preamplified, filtered, and synthesized together into a radio frequency (RF) signal. This RF signal is rectified, filtered, and amplified through a logarithmic amplifier to extract an envelope signal. The logarithmic amplifier compresses high-amplitude signals, producing a strong reflection of the envelope signal. As a result of this logarithmic amplification, an image with a wide dynamic range can be obtained. Also, small-amplitude signals are displayed clearly. A Sensitivity Time Control (STC) amplifier regulates time-dependent attenuation of the envelope signal. Finally, the regulated signals are temporarily stored in the memory and then transferred to the personal computer via the communication circuit. If necessary, the operator can set the parameters for beam forming and focusing, as well as various gain controls, via the user interface on the personal computer. The controller manages each circuit based on these parameters.
The measurement accuracy of the developed device is seen in Fig. 4 . For the measurement targets, needles (0.6mm in diameter) were placed at intervals of 5mm in 35 degrees celsius water. The device measured the tips of the needles ten times then calculated the mean values of their positions. Figures 4 (a) and (b) indicate the spatial accuracy in the respective vertical and horizontal direction. In these graphs, the horizontal axis represents the needle position, and the vertical axis indicates the measuring position. Example images are presented in the graphs. We find a high correlation between the actual values and the measurement values. The measuring error in the ten measurements is 1 pixel or less in both directions. Figure 5 plots the image-contrast performance of the developed device. For comparison, data from a medical ultrasound imaging device (HS-1500, Honda Electronics Co. Ltd.) is also plotted. The probe frequency of the medical device is 5MHz. In this test, a phantom contrast resolution (Model 532B, ATS Laboratories, Inc.) was used. Eight columnar targets are formed against a background of rubber-based material. A cross-section of the target forms a circle 20mm in diameter. The distance from the surface of the phantom to the center of the targets is 35mm. Available contrast levels of the targets relative to the background are -12, -9, -6, -3, +3, +6, +9, and +12dB. Development
Kohei ARAI Figure 5 displays cross-sectional ultrasound images and plots the brightness for each target. For comparison, data measured by a medical ultrasound imaging device (HS-1500, Honda Electronics Co., Ltd.) are also displayed. These graphs represent the mean value and standard deviation of the brightness within the targets. We can observe incremental changes in the brightness in the measured images. The plots of the developed device are similar to those of the medical ultrasound imaging device.
Software design
This section introduces the user interface presented on the personal computer. The developed software measures the thickness of subcutaneous fat and muscles. In order to realize easy operation for operators without much expertise or experience, the software has two functions.
The first is a function to give guidance on the measuring method. This function provides useful information to the operator, such as sample images, instructions for image acquisition, and aid with interpretation. The operator can acquire measuring skill by using the interactive guidance function. The other function is an automated function for discriminating tissue boundaries between subcutaneous fat, muscle, and bone [4] . This function efficiently measures the thickness of subcutaneous fat and muscle. Figure 6 presents an overview of the interface screen. On the main screen (a), the operator can select a measurement target from the list on the left side. The measured ultrasound video appears next to the list in real time. The operator can pause the video to study it at any time. After viewing, the operator clicks the mouse to specify the tissue boundaries between subcutaneous fat, muscle, and bone. The thickness of the tissue layers is then calculated. The sample image and the instructions are displayed on the right side of the screen. The sample images are closely examined and interpreted by a group consisting of an ultrasonographer, a physiologist, an anatomist, and several engineers. Also, standard values for males and females aged from the 20s to the 70s are displayed in the lower right area of the screen. The guidance is changed depending on the target body part selected by the operator. Figure 6 (b) depicts the aids for interpretation. These include an example of an interpretation, an anatomical chart, and commentary. The right half of the screen in Fig. 6 (a) can be switched between the guidance and the information. The guidance is effectively presented on the screen and helps the operator to understand the images.
Measuring guidance function
Automated discrimination function
The automated discrimination function is provided to permit the operator to find the tissue boundaries without much expertise or experience. First, the images are preprocessed based on a novel morphological operation proposed by Tsubai et al. [5] . This processing considerably reduces the speckle noise in the measured ultrasound image and emphasizes the edges of the tissue boundaries. This processing improves the accuracy of the automated discrimination. An example of the preprocessing results is presented in Fig. 7 . We can observe that the edges of the tissue boundaries are clearly emphasized after the preprocessing. This method provides noise reduction and edge emphasis at the same time, whereas it is difficult for traditional filtering methods to handle these together. Figure 8 illustrates the flow of the automated discrimination process. As seen in the figure, the processing consists of three steps. In order to realize a simple and reliable algorithm, we focused on three features: anatomical structure, image intensity, and shape of tissue. The statistical characteristics of these three features were pre-extracted from a training dataset and used for discrimination of the tissue boundaries. It should be noted that these feature parameters are assumed to fit a Gaussian distribution so that the means and standard deviations of these distributions could be calculated from the training dataset.
In the first of the three steps, the anatomical features of the human body structure are used to define two search areas. These are the fat-muscle boundary and the muscle-bone boundary. This definition reduces the computational cost. The search areas are defined in Fig. 8 . The limit of the search area for a fat-muscle boundary in the depth direction is defined as follows:
and the limit for a muscle/bone boundary is where , , , and are the mean values and standard deviations of the depth of the fatmuscle boundary and the muscle-bone boundary. The ranges of the search areas are adjusted by parameters k and l.
In the second step, an edge detection process is executed. Here, an appropriate threshold is applied to extract candidate pixels from each search area, since the target boundaries appear to be brighter than other areas. In addition, the first derivative is derived from the intensity profile in the depth direction. A pixel that has a negative intensity gradient is determined to be on the fat-muscle boundary. Alternatively, a pixel that has a positive intensity gradient is determined to be on the muscle-bone boundary.
Threshold e (fat-muscle boundary) and threshold f (muscle-bone boundary) are defined by the following equations.
Here, , , , and are the mean values and standard deviations of brightness in the fat-muscle boundary and muscle-bone boundary. m and n are parameters that adjust the sensitivity of the thresholds. 
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In the third step, a template matching method is used to identify the tissue boundaries, since some irrelevant pixels may have been extracted in the second step due to the low quality of ultrasound images. As seen in Fig. 8 , the fat-muscle boundary usually appears to be a smooth line, although this boundary may slope gently on occasions. Therefore, we adopted a rectangular template for the fat-muscle boundary. The template spans the full width of the image and has a height of d f . In contrast, we adopted a curved beltshaped template for the muscle-bone boundary, defined by width w b , height h b , and thickness d b . The parameters of the templates (Table 2) are derived from the training image dataset, and the pixels in the template are counted. Finally, the boundaries are determined if the number of pixels exceeds a predefined threshold. The threshold is set as follows.
Here, g is the threshold for the fat-muscle boundary and h is that for the muscle-bone boundary. , , , and are the mean values and standard deviations calculated from the training dataset. The sensitivity of the threshold is adjusted by p and q. If more than one candidate is obtained, the deepest candidate from the skin is adopted as the fat-muscle boundary, and the candidate that includes the most pixels is adopted as the muscle-bone boundary. Note that the statistical parameters in Eqs. (1) to (8) were calculated manually from the training dataset by a group consisting of an ultrasonographer, a physiologist, an anatomist, and several engineers.
The depth of the fat/muscle boundary T f is defined as the average depth of the edges that are included in the fat-muscle template. The depth of the muscle-bone boundary T m is defined as the depth of the top of a candidate pixel in the muscle-bone template. The thickness of the subcutaneous fat and muscles is calculated from the difference between these depths.
Experiments
Experiments were conducted to confirm the performance of the developed system. Three anatomical sites (the anterior upper arm, the posterior upper arm, and the anterior thigh) of nine subjects (eight men, one woman; ages 22 to 59yr) were measured. These sites are frequently used as measurement targets for evaluating the balance of body composition, e.g. subcutaneous fat and muscle because the subject does not have to remove his/her clothes during the measurement. Ten ultrasound images were obtained from each subject and site (total 270 images). These images were then divided into two groups, one for training and one for testing. The training images were observed and the parameters were calculated by experienced observers as listed in Table 3 . The parameters were related to the search areas, the intensity of the candidate pixels, and the template matching: (  ,  ,  , 
. The parameters in Eqs.
(1) to (8) were adjusted based on these values, and the discrimination accuracy of the proposed method for the testing dataset (135 images) was evaluated.
An example of the measured images is presented in Fig. 9 . The images of the anterior thigh (Fig. 10) were discriminated. As seen in Fig. 9 , the balance between subcutaneous fat and muscles is obviously different among individuals. Also, fascias and layered structures are observed in the tissue images, which may cause poor discrimination. Nevertheless, the proposed method was able to discriminate all of the tissue boundaries correctly. It can be anticipated that the developed system will become a monitoring tool in our daily living. The evaluation based on the image can help us to accurately determine the effects of exercise and diet therapy. It will inspire us to continue promoting our health.
Effect of the measuring guidance function
We examined the effect of the guidance function that introduces and explains the system. For this experiment, the anterior upper arm was selected as the measuring position. The anterior upper arm is frequently used as the evaluation target because the subject does not have to remove his/her clothes.
There are several difficulties in measuring this site. For example, the measured images can easily change in response to the direction and pressure of the ultrasound probe on the body. In addition, the images often include several obstacles, e.g. fascias of the triceps brachii.
Five operators with no expertise or experience measured the anterior upper arm ten times with and without the measuring guidance function. The measurements were executed in turn rather than continuously by the same student. Here, the automated discrimination function was not used so that only artificial errors would be verified. The operator only marked the fat-muscle boundary and muscle/bone boundary, and the measurement results were not reported to the operator. The instructions provided by 
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Osamu FUKUDA, Masayoshi TSUBAI, Masahiro INOUE, Nan BU, Naohiro UENO, Hiroshi OKUMURA, and Kohei ARAI the measuring guidance function (Fig. 6(a, b) ) are summarized in Table 4 . When the operators did not use the guidance function, only the sample image was presented, and only rough information about fat layers, muscular layers, and bone was given. Figure 11 presents the experiment results. The mean values and the standard deviations for each operator are plotted in the figure. Without guidance, the mean values were relatively different among the operators, and the standard deviations increased. However, these differences as well as the standard deviations decreased when the operators used the guidance function. These results demonstrate the effects of using the measuring guidance function.
Accuracy of the automated discrimination function
To evaluate the effect of the discrimination function, experiments were conducted to compare the results from the proposed method with those from an experienced observer. A tolerance level of 1mm, corresponding to three pixels in the images, was used for the accuracy calculation. A difference between the results of less than 1mm was regarded as indicating no discrimination error. Considering the changes in the discrimination accuracy, the parameters were adjusted through trial and error. The parameters used in the experiment are listed in Table 5 .
The discrimination accuracy for all images is given in Table 6 . Also, Table 7 summarizes the average discrimination errors for each subject and site. Generally speaking, the proposed method can achieve a relatively high discrimination rate exceeding 85%. However, it should be noted that discrimination errors vary among individuals. For example, the discrimination errors of subjects B and E at the anterior upper arm site, subjects D and G at the posterior upper arm site, and subject I at the anterior thigh site exceed the others, suggesting that the proposed discrimination processing may not be suited for a few subjects and sites. In future work, we will try to introduce additional information for reliable discrimination. 
Conclusion
In this paper, we developed a ubiquitous echographic device for healthcare to measure human body composition. This device can be useful in nonmedical fields such as health care and sports science. The specifications of this device were only strict enough to observe subcutaneous fat and muscular layers. The developed device is compact, lightweight, and inexpensive. It can be connected to a personal computer via the USB port and provides a measurement guidance function and an automated discrimination function.
To confirm the validity of the developed device, experiments were conducted with nine subjects at three anatomical sites. The experiment results demonstrated that the developed device could discriminate the thickness of fat and muscle layers with high accuracy. Also, operators could reduce measuring errors considerably by using the measurement guidance function. The developed system can be regarded as a monitoring tool in our daily living, although the specifications are inferior to those of medical ultrasound imaging devices.
In future research, we would like to improve the automated discrimination accuracy. Therefore, we will try to enhance the statistical models used in the discrimination method. For example, parameters can be derived based on subject groups of different ages and gender.
